Introduction
Chronic kidney disease (CKD), a condition characterized by the gradual decline in kidney function over time, has become a major global health concern [1] . According to the National Kidney Disease Fact Sheet, in 2014, more than 10% of the United States adult population have varying stages of CKD with high risks for end-stage renal disease (ESRD), cardiovascular diseases, and death [2] . In 2013, more than 45,000 Americans died of kidney disease and it is important to emphasize that this number is higher than those who have died of breast and prostate cancers. Currently, approximately 500,000 Americans are on dialysis with more than 100,000 among them waiting for a kidney transplant.
Diabetes and hypertension are the 2 major causes of CKD [2, 3] . Approximately 1 in 3 of diabetic and 1 in 5 of hypertensive patients develop CKD progressing to ESRD [2] . In 1995, 4.0% of global population has diabetes and it is estimated that this will rise to 5.4% by the year 2025 [4] . It is estimated that more than 29 million US adults have diabetes and 70 million have high blood pressure [5] .
Despite the existing increase in the number of patients with diabetes and diabetic kidney disease (DKD), limited therapeutic options are currently available to slow the progression of CKD. This is partly due to the lack of suit-able approaches for early detection of the DKD for clinical intervention. Estimated glomerular filtration rate (eGFR) based on serum creatinine concentration, age, and gender, and albuminuria are the current gold standard biomarkers to evaluate kidney function [4, 6, 7] . Unfortunately, these biomarkers lack sensitivity and specificity and DKD is often undetected until substantial kidney injury has occurred. Increase in urinary albumin excretion is typically accepted to characterize DKD with microalbuminuria defined as 20-200 μg/min and macroalbuminuria defined as >200 μg/min. However, several studies have shown that even with normal urinary albumin excretion, the eGFR may be severely reduced [8, 9] . On the other hand, serum creatinine, which is used to calculate eGFR, does not significantly increase until the GFR is reduced to 50% of normal levels, thus underestimating ongoing decrease in true GFR. Because of these discrepancies, there is a clear need for improved biomarkers that can predict early stage kidney injury and detect progression of CKD.
Metabolomics or metabonomics is a systems approach for profiling in vivo metabolic status and it offers a promising approach to identify biomarkers in disease [10] [11] [12] [13] . Metabolomics identifies and quantifies metabolites that are small molecular mass (<1,500 Da) end products of biochemical processes. Metabolites relay signals from genes to proteins to the environment, hence they are functional readouts of the physiological status of an organism and more closely reflect the phenotype.
Metabolomics has been classified as targeted or untargeted. A targeted approach involves identification of a defined set of metabolites typically focusing on a pathway of interest or metabolites that are previously known to be associated with the disease under observation. This is usually hypothesis driven but may also serve for discovery if multiple classes of molecules or biochemical pathways are surveyed. An untargeted approach provides a comprehensive analysis of all measurable metabolites in a sample without any bias and is typically used only for discovery. There has been some overlap of these terms that has led to confusion in the field. At present, the term untargeted may also refer to survey of molecules that are well characterized by their retention time and mass/ charge ratios, but for the sake of throughput and cost, the metabolites are not typically quantified [14] . A statistical likelihood of a particular peak will have to be verified with subsequent targeted analysis often involving inclusion of the metabolite standard, calibration curves and multiple reaction monitoring. For the purpose of this review, an untargeted analysis will be reserved for a shot-gun screening discovery approach where the peaks are truly unknown and a targeted analysis will assume that the peaks of interest are identifiable and quantifiable.
Traditional metabolomic analysis assesses steady-state metabolite levels or levels at a single snap-shot in a targeted or untargeted manner. Even though this analysis detects changes in metabolites that are robust, to gain more knowledge about the mechanisms involved behind such changes, it is necessary to understand the dynamic flux of metabolites through a predefined pathway. Toward this, metabolic flux analysis is necessary [15] [16] [17] . Typically, heavy isotope-labeled substrates are added and their incorporation into a pathway of interest along with quantification of enzymes in the metabolic pathway is analyzed at different time points [17] . For example, incorporation of U-13C glucose or 13C-pyruvate is a common method to study perturbation in glycolysis and TCA cycle [17] . As flux analysis methodology has not yet been well developed in animal and human systems, the present review will primarily focus on data generated from crosssectional or longitudinal metabolomics studies with measurements performed at a single time point.
Metabolomic Technologies
1H or 13C nuclear magnetic resonance (NMR) and mass spectroscopy coupled with gas or liquid chromatography are the 2 common approaches in metabolomics, used to characterize samples, such as urine, blood plasma/ serum, tissue, cell extracts or media [10, 18, 19] . The data are analyzed by univariate and multivariate statistical models to identify statistically significant biomarkers associated with the disease. Advances in NMR and mass spectroscopy now offer highly improved specificity and sensitivity and this has enhanced the utility of targeted metabolite analysis [19] . Specific benefits and disadvantages associated with each of these techniques are outlined in table 1 .
NMR Spectroscopy
NMR spectroscopy is a highly reproducible and quantitative technique with minimum sample preparation. As sample preparation does not require any separation or derivatization, this is ideal for biofluids such as urine, plasma/serum and cell culture media, with minimal alterations to the sample during preparation [20] . Even though one-dimensional 1H NMR spectroscopy is commonly used for metabolic profiling, 2D NMR spectroscopy has been employed for structural assignment albeit with limited profiling applications. A major limitation with NMR-based analysis is that its sensitivity is limited to micro-molar concentration; therefore, low-abundant metabolites are difficult to detect [21] .
Mass Spectroscopy
Compared to NMR, mass spectroscopy coupled with gas (GC-MS) or liquid chromatography (LC-MS) offers higher sensitivity along with the ability to detect a broad range of metabolites. The 2 platforms offer different sensitivities toward different classes of metabolites. In GC-MS, a carrier gas is used to separate samples through the column after which samples are ionized either by electron or by chemical ionization for detection by the mass spectrometer. While GC-MS is a highly sensitive and specific method, the separation occurs at high temperatures necessitating metabolites to be volatile and thermally stable. For samples to be readily volatile, chemical derivatization is often required. Sample preparation is one of the major drawbacks of the GC-MS because of the prolonged time involved in derivatization, often requiring 2 days. In addition, there are often slight unaccounted variations in sample preparation due to the multiple steps and incomplete derivatization or adduct formation. These steps may affect the reproducibility of quantified measurements. GC-MS also has limitations as it is useful for relatively small molecular mass (molecular ion massto-charge ratio, m/z, <800) and is not suitable for less or medium polar compounds. LC-MS has distinct advantages in that sample preparation is minimal and can be used to analyze different classes of metabolites that cannot be separated/fragmented by GC-MS because of their high molecular mass or polarity. For proteinaceous samples such as blood/plasma or tissue, samples are deproteinated using solid phase extraction or solvent precipitation. Urine from healthy individuals contains minimum protein, so often samples are simply centrifuged and diluted with water prior to LC-MS analysis [22, 23] . However, matrix effects are higher in LC-MS than in GC-MS causing ion suppression and interference with spectral resolution. Additionally, the typical instrument cost of an LC-MS is substantially higher than that of a GC-MS.
Data Handling and Statistical Analysis
Similar to other 'omics', metabolomics generate a large amount of data. To answer relevant biological questions, appropriate data handling is necessary. Typically, this includes preprocessing and statistical analyses. Preprocessing includes normalization of data across sample [24] . The t test, analysis of variance, analysis of covariance, and univariate linear regression (Y = a + bX) are the most common univariate test methods. The commonly used multivariate methods include multivariate analysis of variance, multivariate linear regression (Y = a + bX + cX +…), cluster analysis, partial least squares discriminant analysis and principal component analysis (PCA). The probability of identifying at least one significant result due to chance increases as more hypotheses are tested. However, multiple testing methods often require adjustment for false positives and require more stringent criteria to determine significance than the conventional p < 0.05 [25] . The Bonferroni, which corrects for family-wise error rate (FWER) and the Benjamini-Hochberg, which corrects for false discovery rate (FDR) are the 2 most popular methods used to minimize errors in multiple testing approaches. In the Bonferroni method, an adjustment is made to p values by dividing the significance FWER (mostly 0.05) with the number of tests being performed simultaneously on a single data set. The statistical significance of the study is then calculated based on the modified p value. However, with a large number of multiple comparisons, the Bonferoni correction could lead to a high rate of false negatives. In large-scale multiple testings, correcting for FDR, the proportion of false positives among the significant results, is a more suitable method. The Benjamini-Hochberg FDR correction provides less stringent control of type I errors and thus has greater power at the cost of increased rates of type I errors [26] . This method calculates the expected p values under the null hypotheses and compares them against obtained p values to select the hypothesis whose actual p values are lower than expected. The selection criteria for this step are determined in order to control FDR. The calculation of expected p values is based on the assumption that the tested hypotheses are all independent of each other, and therefore this method is suitable for the statistical settings where one can assume that each test is independent of each other.
Metabolomics of Clinical DKD
Several recent studies have sought to identify metabolites that are differentially expressed in DKD using a variety of metabolomic approaches and biosamples. An overall conclusion from recent studies is that robust changes in metabolites of the TCA cycle, lipid metabolism, amino acid metabolism, urea cycle and nucleotide metabolism are associated with DKD ( table 2 ) [8, [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] .
Several cross-sectional studies have been performed in both DKD and CKD without diabetes [27, 30, 31, 37] . Hirayama et al. [27] used capillary electrophoresis coupled with time-of-flight mass spectrometry to analyze serum metabolites in 78 subjects with different stages of DKD. Nineteen metabolites, out of which 11 were unknown, with no previously assigned chemical structures, were significantly different between DKD with macroalbuminuria and diabetic patients without albuminuria (correlated with albuminurea and eGFR). The 8 assigned metabolites included 4 amino acids, aspartic acid, citruline, symmetric dimethylargine (SDMA) and kynurenine, all of which were increased in DKD. Aspartic acid and citrulline are involved in the production of urea in the urea cycle. SDMA and asymmetric dimethylarginine (ADMA) are formed by the enzymatic methylation of arginine. While kidneys further metabolize ADMA, SDMA is excreted directly into the urine. Tryptophan is metabolized to kynurenine and further metabolized to acetyl-CoA and NAD in the tryptophan-kynurenine pathway. Several of these metabolites have also been identified in CKD without diabetes, suggesting that these could be markers for renal dysfunction [31, 37] . Benito et al. [31] also reported the accumulation of several of these metabolites in plasma samples of pediatric-CKD patients ( table 2 ) .
Ng et al. [28] analyzed urinary metabolites in Chinese type 2 diabetes (T2D) patients with low eGFR but no proteinuria. By using GC-MS, the authors identified 11 metabolites with strong association with low eGFR ( table 2 ) . By using LASSO logistic regression models, octanol, oxalic acid, phosphoric acid, benzamide, creatinine, 3,5-dimethoxymandelic amide and N-acetylglutamine were selected as the best predictors of eGFR decline. Further, using LC-MS measurements, the study identified 19 metabolites including indoxyl sulfate, a well-known uremic toxin, with significant correlations with low eGFR ( table 2 ) .
Amino acids and acyl carnitines have been identified as predictors of progression of DKD in several studies. Elevated concentrations of branched chain and aromatic amino acids were identified as predictors of diabetes 12 years prior to the onset of kidney disease in a longitudinal LC-MS-based plasma metabolomic analysis [38] . Van der kloet et al. [29] identified acyl carnitines, acyl-glycines and intermediates of tryptophan metabolism ( with the progression of DKD in urine samples of T1D patients. Plasma fatty acid concentrations, both esterified and non-esterified fatty acids, were also shown to be associated with disease progression of DKD in T2D patients [32] . Plasma metabolites histidine, butenoylcarnitines, and urine metabolites hexose, glutamine and tyrosine were identified as predictors for progression to micro-and macro-albuminurea in T2D and hypertensive patients [39] . In a recent study, Kang et al. [40] have showed that defective fatty acid oxidation in tubular cells plays a major role in kidney fibrosis in both humans and animal models. The study showed that tubular epethelial cells preferentially use fatty acid oxidation for their fuel requirement, and the fatty acid oxidation is considerably compromised in animal and cell culture models of fibrosis. Several enzymes related to the fatty acid oxidation including carnitine palmitoyl transferase 1 (CPT1) and CPT2, the fatty acid transporters, are reduced in the human and mouse fibrotic kidneys, suggesting impaired fatty acid uptake resulting in the accumulation of fatty acids [40] . Accumulation of uremic toxins in plasma is one of the key features identifying the decline of kidney function in CKD and progression to ESRD. Uremic toxins are the retention molecules normally excreted by kidneys in healthy individuals [41] . Based on their physical properties they are further classified as low-molecular mass solutes (<0.5 kD), such as urea, oxalate, uric acid and guanidines, protein-bound solutes, the most common bein indoxyl sulfate and p-cresol sulfate, and middle molecules such as beta2-microglobulin (0.5-60 kD). Niewczas et al. [33] identified increased concentration of uremic solutes in plasma by using global mass spectrometry analysis in T2D patients with normal renal function followed at the Joslin Clinic, half of which progressed to ESRD in 8-10 years of follow-up. Elevated concentrations of uremic solutes and amino acid-derived acyl carnitines, and low concentrations of essential amino acids were identified in the progressors in baseline plasma metabolites ( table 2 ) . Current evidence suggests that uremic solutes including ρ-cresol and indoxyl sulfate are produced by the gut microbiome [42] . Even though it is unclear if accumulation of uremic toxins precedes or follows renal damage, it may be associated with disturbances in the gut microbiome in patients with diabetes and CKD [43] .
A recent study used both LC-MS and NMR in urine samples of patients with advanced CKD [35] . This study applied NMR-based metabolomics in the discovery phase in 15 patients with CKD stages 3-5 (2 with DKD), compared with 15 healthy control subjects, and identified 29 differentially expressed metabolites. Validation of the 29 
Metabolomics Coupled with Bioinformatic and Systems Biology Tools Reveals Mitochondrial Dysfunction as Characteristic of DKD
Metabolomic analysis coupled with bioinformatics can provide major insights into complex diseases such as DKD. In recent studies, we have employed targeted metabolomics together with systems biology tools to establish that human DKD is associated with mitochondrial dysfunction [36] . Patients with established DKD and reduced eGFR have a characteristic panel marked by changes in organic anions, TCA cycle and amino acid metabolites [36] . We identified 13 metabolites as the urinary metabolomic signature of DKD ( table 2 ) [36] . In a targeted approach, we quantified, by GC-MS, 94 organic acid metabolites that had been previously associated with a variety of inborn errors of metabolism, in timed human urine samples of diabetic patients with and without CKD, nondiabetic CKD and healthy controls [36] . Our screening cohort included 24 patients from the San Diego region with a diagnosis of T2D and CKD stages 3-4 (mean eGFR 35.5 ± 10.9 ml/min/1.73 m 2 ). The validation cohort comprised 61 subjects with diabetes and CKD, and 73 subjects with diabetes without CKD (both T1D and T2D) from Philadelphia, Minnesota and Washington, D.C. as well as from Finland. An additional age-and gender-matched control group included 73 subjects with diabetes without CKD (both T1D and T2D). In the screening cohort, we identified 17 metabolites to be significantly different compared with healthy controls, after multiple testing and corrections for FDR. We observed a high degree of consistency of the urinary metabolite pattern in the validation cohort as 13 of the 17 metabolites remained statistically and significantly different ( table 2 ). All the 13 urine metabolites were significantly lower in DKD compared with healthy controls.
To identify potential contribution of diabetes to the changes in metabolites, we compared the 13 metabolites in diabetic patients with CKD to patients with diabetes and without CKD. After adjusting for potential confounders, including age, gender, body mass index, mean arterial pressure, hemoglobin A1C, and duration of diabetes, 12 of the 13 metabolites were statistically significant, even after correction for multiple testing. Furthermore, to determine the specificity of the signature of diabetic CKD, we analyzed urinary metabolites in an independent cohort with FSGS, another type of CKD. Comparison of metabolomic signature of patients with FSGS with that of diabetic CKD identified 5 out of 13 metabolites to be significantly different between the 2 groups. These 5 metabolites specific for DKD included 2-methyl acetoacetate, 3-methyl adipic acid, 3-methyl crotonyl glycine, 3-hydroxy propionate and tiglylglycine. Eight metabolites overlapped with FSGS and could potentially serve as signature of general CKD. The overlapping metabolites included TCA cycle metabolites (citric acid, aconitic acid), and short chain fatty acids (SCFAs) (2-ethyl 3 hydroxy propionate, 3-hydroxy isobutyrate). Five out of the 13 metabolites (3-hydroxy isovalerate, aconitic acid, glycolic acid, uracil and citric acid) showed significant correlations with eGFR and an independent set of 3 metabolites from the 13 correlated with albuminuria (2 methyl acetoacetate, 3-methyl crotonyl glycine, and 3-methyl adipic acid).
Since several metabolites identified in our analysis were organic anions, we hypothesized that organic anion transporters (OAT), which were involved in the elimination of these organic anions via the kidney, might be affected in DKD [44] . This hypothesis was supported, as there was a greater than twofold reduction in the gene expression levels of OAT1 and OAT3 in kidney biopsy samples from patients with diabetic nephropathy compared with that of non-diseased kidney tissue. Furthermore, studies with OAT1 knockout mice revealed a similar reduction in the urine of many of the same organic acids that were reduced in the patients with DKD [45] .
Pathway analysis of the metabolites from the signature of DKD revealed the TCA cycle (citrate, aconitate), pyrimidine (uracil), amino acid (3-hydroxy isovaleric acid, 3-methyl crotonyl glycine, tiglylglycine), fatty acid (2-ethyl 3-hydroxy propionate, 3-hydroxy propionate, 3-hydroxy isobutyrate, 3-methyl adipic acid), and oxalate metabolism (glycolic acid) to be significantly affected pathways. We also observed high prevalence of SCFAs in the metabolomic signature of DKD. In humans, SCFAs, acetate, propionate, and butyrate are produced from gut microbiome through the fermentation of fibrous food [46] [47] [48] . As there was a reduction in all 3 SCFAs, we speculate that DKD is associated with alterations in gut microbiome leading to both a reduction in beneficial metabolites (SCFAs), and accumulation of toxic metabolites (uremic toxins) as observed in several previous studies [33] .
We also constructed an approach to overlay metabolites with their associated enzymes using the Cytoscape software. Protein-protein interactions were also incorporated into the analysis to reveal novel underlying networks. Interestingly, 12 of the 13 metabolites were connected within one large network. The majority of the 13 metabolites or the enzymes producing metabolites were localized or transported into mitochondria, thus implicating mitochondrial dysfunction as a major feature associated with DKD. Further analysis of kidney biopsy samples and urinary exosomes from patients with diabetic nephropathy revealed the reduction in mitochondrial DNA and proteins in addition to the reduction in PGC1α, the master regulator of mitochondrial biogenesis [49, 50] . Together, these studies implicate reduced mitochondrial biogenesis and function as a likely dominant characteristic of DKD and progressive CKD.
Animal Studies of Metabolomics in Kidney Disease
In addition to the above-mentioned clinical studies, researchers have applied transgenic animal models to identify mechanisms and signature metabolite changes associated with different stages of renal dysfunction. Developing a common biomarker suitable for animal and clinical studies is extremely important, as it would help researchers to facilitate basic research to understand mechanistic aspects and for preclinical study design. Metabolomic studies in animal models have provided evidence that alterations in TCA cycle, fatty acid oxidation and amino acid metabolism are the major pathways affected in DKD similar to that of clinical studies ( table 3 ) [51] [52] [53] [54] .
Studies from our laboratory have identified that the TCA cycle metabolite fumarate plays a key role in mediating the effects of NADPH oxidase isoform 4 (NOX4) in DKD [51] . This NOX isoform has previously been reported as elevated in DKD [55] and our study showed that podocyte-specific induction of NOX4 can induce characteristic changes observed in DKD (glomerular hypertrophy, mesangial matrix accumulation, glomerular basement membrane thickening, albuminuria, and podocyte dropout) in transgenic F1 Akita mice. To investigate the potential role and mechanism of NOX4 in DKD, we administered the F1 Akita mice with a NOX1/NOX4-specific inhibitor (GKT137831) for 4 months and analyzed changes in urinary metabolites. Urinary metabolomic analysis in diabetic F1-Akita mice identified an increase in several TCA cycle metabolites compared with F1 control mice. Interestingly, the NOX4 inhibitor treatment resulted in significant reduction of one of the TCA cycle intermediates, fumarate, with no significant changes in succinate, the upstream metabolite which is oxidized by succinate dehydrogenase (SDH) to generate fumarate. In the TCA cycle, fumarate can be accumulated because of the (i) inhibition of fumarate hydratase (FH), which converts fumarate to malate or the (ii) stimulation of SDH. Our further studies revealed that FH protein is reduced in diabetic mouse kidney and treatment with NOX4 inhibitor can stimulate FH expression and activity, thus providing evidence that FH is a major target for NOX4 in DKD. FH protein was also found to be reduced in biopsy samples from patients with diabetic nephropathy.
In a recent study, Liu et al. [53] analyzed serum, urine, and renal extracts from the streptozotocin (STZ)-induced DN rats by 1H NMR-based metabolomics and identified elevated allantoin and uric acid in the DN rats suggesting impaired purine metabolism in DN. Further, the authors showed that in DN, the activity of xanthine oxidase is elevated causing an increase in intracellular ROS, inflammation and oxidative damage. The above-mentioned studies further highlight that metabolomics could serve as a powerful approach to identify metabolic changes and target mechanisms toward therapeutic interventions.
Stec et al. [54] assessed urinary metabolites of T1D and T2D mouse models of DN, STZ-eNOS -/ -C57BLKS and eNOS -/ -C57BLKS db/db, respectively, by 1NMR spectroscopy. eNOS -/ -C57BLKS db/db mouse serves as model for advanced stage diabetes. Six urinary metabolites-3-indoxyl sulfate, cis-aconitate, 2-oxoisocaproate, Nphenyl-acetylglycine, 4-hydroxyphenyl acetate, and hippurate, corresponding to TCA cycle and amino acid catabolism-were significantly reduced in both T1D and T2D animals compared to controls. Further, 4-hydroxyphenyl acetic acid and hippuric acid showed the strongest inverse correlation with the albumin-to-creatinine ratio ( table 3 ) .
To investigate time-related metabolic changes associated with diabetes and to identify potential biomarkers associated with early-stage DKD, Li et al. [56] used the db/db mouse model of T2DM. The authors analyzed urine and serum metabolites at 6, 8, 10, 12, and 16 weeks in db/db mice and db/m mice using GC-TOF-MS. Together with PCA, the study identified distinct metabolomic profiles between db/db and db/m mice, which further differed with progression from diabetes to early, medium and late stages of DKD. The TCA cycle, glycolysis, lipid metabolism and amino acid turnover were the primary pathways associated with progression from diabetes to DN ( table 3 ) . In a similar study, Wei et al. [52] used 1H-NMR and analyzed age-dependent metabolite changes in urine and kidney tissue extracts of db/db and control mice. The authors proposed cis-aconitate and cisallontoin to be potential biomarkers for diagnosis of DN.
In another study, Zhao et al. [57] profiled renal cortical tissue metabolites associated with DKD induced by STZ in rat models before and following treatment with fosinopril, a pharmacological inhibitor of angiotensin II converting enzyme. A combination of GC/TOF-MS and UPLC/TOF-MS approaches identified a significant increase in uremic toxins along with changes in amino acids, carbohydrates, poly-ols, lysophospholipids, glucoronides, and glucotoxicity-associated metabolites. Several of these metabolites showed correlations with 24 h urinary protein levels and tubulointerstitial injury index ( table 3 ) .
The implication of the metabolite changes in the animal models are of unclear significance as the degree of renal dysfunction is variable. Further studies are required to determine which stage of DKD is being modeled in relation to human DKD and to establish whether there are similar patterns in animal models of DKD with human DKD.
Concluding Remarks
With the omics revolution fully underway and changing the way that medicine is being practiced in many clinical specialties, nephrology too can greatly benefit. In particular, metabolomics analysis in well-designed preclinical and clinical studies is beginning to show robust patterns of altered metabolites. There have been many technical advances in the past few years; however, careful attention needs to be paid to issues of sample handling, sample preparation and quantitative output in order to develop fig. 1 ). However, it is interesting to note that despite similarities in pathways, there are considerable differences in metabolite expression patterns between clinical and preclinical studies ( fig. 1 ). For example, while studies in human samples have consistently showed a decrease in several TCA cycle metabolites in diabetic CKD, several animal model studies have indicated an increase in these metabolites. This may be related to the disease stage, differences in animal models and type of analysis. Limited studies are currently available comparing early and advanced stage DKD animal models ( fig. 1 ). While future studies should focus on this aspect, novel pathways and exciting fundamental discoveries have certainly been made based on metabolomic results. Also, as there is now precedence in using metabolites as responsive markers of novel therapies, there will likely be many new studies that will guide the path to personalized medicine approaches for DKD in the near future. 
